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Available online 23 January 2016There is a growing need in the ﬁeld of exposure science formonitoringmethods that rapidly screen environmen-
tal media for suspect contaminants. Measurement and analysis platforms, based on high resolution mass spec-
trometry (HRMS), now exist to meet this need. Here we describe results of a study that links HRMS data with
exposure predictions from the U.S. EPA's ExpoCast™ program and in vitro bioassay data from the U.S. interagency
Tox21 consortium. Vacuum dust samples were collected from 56 households across the U.S. as part of the
American Healthy Homes Survey (AHHS). Sample extracts were analyzed using liquid chromatography time-
of-ﬂight mass spectrometry (LC–TOF/MS) with electrospray ionization. On average, approximately 2000 molec-
ular featureswere identiﬁed per sample (based on accuratemass) in negative ionmode, and 3000 in positive ion
mode. Exactmass, isotope distribution, and isotope spacingwere used tomatchmolecular featureswith a unique
listing of chemical formulas extracted from EPA's Distributed Structure-Searchable Toxicity (DSSTox) database. A
total of 978 DSSTox formulas were consistent with the dust LC–TOF/molecular feature data (match score ≥ 90);
these formulas mapped to 3228 possible chemicals in the database. Correct assignment of a unique chemical to a
given formula required additional validation steps. Each suspect chemicalwas prioritized for follow-up conﬁrma-
tion using abundance and detection frequency results, along with exposure and bioactivity estimates from
ExpoCast and Tox21, respectively. Chemicals with elevated exposure and/or toxicity potential were further ex-
amined using a mixture of 100 chemical standards. A total of 33 chemicals were conﬁrmed present in the dust
samples by formula and retention time match; nearly half of these do not appear to have been associated with
house dust in the published literature. Chemical matches found in at least 10 of the 56 dust samples include Pip-
erine, N,N-Diethyl-m-toluamide (DEET), Triclocarban, Diethyl phthalate (DEP), Propylparaben, Methylparaben,
Tris(1,3-dichloro-2-propyl)phosphate (TDCPP), and Nicotine. This study demonstrates a novel suspect screening
methodology to prioritize chemicals of interest for subsequent targeted analysis. The methods described here
rely on strategic integration of available public resources and should be considered in future non-targeted and
suspect screening assessments of environmental and biological media.
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Over the past ~15 years, an enormous research effort has focused on
the application of ‘omics-based technologies to better understand
genome-wide effects of environmental exposures (Rager and Fry,
2013). Paralleling this effort is the study of the human exposome, con-
ceptualized in 2005 as the compilation of all life-course environmental
exposures from the prenatal period onwards (Wild, 2005). Interest in
the human exposome has grown rapidly since 2005, leading to more
than 100 exposome-related articles in the published literature, and sev-
eral exposome research centers/programs worldwide. These programs
have invested in new tools, technologies, and studies to better charac-
terize the breadth of human exposures, and the linkages between expo-
sure and disease. As primary research drivers, it has been recognized
that exposure data are sparse for many existing chemicals (Egeghy
et al., 2012), and that knowledge-driven approaches alone are unlikely
to meet the demands of this rapidly evolving ﬁeld of research
(Rappaport and Smith, 2010). Exposure scientists have therefore
begun to advance exposome research efforts, in part, by expanding en-
vironmental monitoring through the application of “non-targeted” and
“suspect screening” analyses. Suspect screening involves the detection
of analytes in samples using existing chemical inventories and software
matching algorithms (based on accurate mass and isotope patterns)
(Krauss et al., 2010; Schymanski et al., 2014). Non-targeted screening
involves the detection of analytes in samples given no a priori informa-
tion — that is, no list of suspected or targeted chemicals (Krauss et al.,
2010; Schymanski et al., 2014; Zedda and Zwiener, 2012). The goals of
these complementary efforts are to more fully characterize the
chemicals towhich humans are frequently exposed, ultimately allowing
systematic evaluation of associations between chemical exposures and
incidence of human disease (Bell and Edwards, 2015; Patel and
Ioannidis, 2014).
Non-targeted and suspect screening methods can be implemented
using numerous analytical platforms, across a broad range of chemicals,
to examine a variety ofmedia. For example,methods based on gas chro-
matography–mass spectrometry (GC–MS) and/or liquid chromatogra-
phy–mass spectrometry (LC–MS) have recently been used to screen
for emerging contaminants in wastewater treatment plant efﬂuent
(Schymanski et al., 2014), lake sediment cores (Chiaia-Hernandez
et al., 2014), food (Díaz et al., 2012), marine mammalian tissues
(Shaul et al., 2015) and other biological specimens (Díaz et al., 2012;
Sana et al., 2008), and in various sample extracts for effect-directed
analysis (Simon et al., 2015). Chemical groups observed in these studies
include biocides, disinfectants, ﬂame retardants, food additives, myco-
toxins, pharmaceuticals, pesticides, and surfactants, among others
(Chiaia-Hernandez et al., 2014; Díaz et al., 2012; Schymanski et al.,
2014; Shaul et al., 2015; Simon et al., 2015). Research consortia are
now being developed to integrate these data across time, space,
media, and analytical platforms. An example of such an effort is the
NORMAN network, a consortium of scientists from over 50 laboratories
and authorities across Europe and North America. This group facilitates
the integration of information on emerging environmental substances
and contributes to the harmonization and validation of monitoring
methods and tools (NORMAN, 2015). Efforts of this scale will ultimately
be necessary if exposome-level analyses are to become ingrained in en-
vironmental health research and implemented in public health policy.
Household dust has been the focus of many “targeted” research
studies in recent years (Butte and Heinzow, 2002; Stapleton et al.,
2009; Wu et al., 2007). In these studies, individual chemicals are select-
ed for examination based on existing information or a speciﬁc research
hypothesis, and are generally analyzed quantitatively using external
and internal standards. Dust is an important environmental medium,
with respect to human exposure, because it acts as a repository for var-
ious compounds that originate indoors, as well as for those that are
transported into the home from the outdoor environment (Butte and
Heinzow, 2002). Compounds that are present in household dust includebiologically derivedmaterials (e.g., animal dander, fungal spores, pollen,
insect parts, skin fragments), building materials (e.g., ﬂame retardants,
textile ﬁbers), particulatematter from indoor aerosols and soils brought
in by foot trafﬁc, and other volatile and semivolatile organic com-
pounds, among others (Butte and Heinzow, 2002; Stapleton et al.,
2009). Exposure to household dust can occur through several routes.
Speciﬁcally, chemicals in dust may enter the body via inhalation of re-
suspended particles, dermal absorption, and non-dietary ingestion. Of
particular concern, dust ingestion rates for infants and toddlers are esti-
mated to be twice as high as those for adults because of their high rates
of hand-to-mouth contact and ﬂoor contact from crawling (Butte and
Heinzow, 2002). The comprehensive characterization of compounds in
dust is therefore of high interest to better understand impacts of dust
exposure on human health.
To date, non-targeted and suspect screening of chemicals in dust has
been carried out by a limited number of studies. In 2010, Hilton et al.
tested a method to screen for certain compound classes, speciﬁcally
polycyclic aromatic hydrocarbons, phthalates, halogen containing com-
pounds, and nitro compounds, using two-dimensional gas chromatog-
raphy coupled with time-of-ﬂight mass spectrometry (GC × GC–TOF/
MS) (Hilton et al., 2010). This proposed method was tested using a Na-
tional Institute of Standards and Technology (NIST) dust reference ma-
terial certiﬁed to contain speciﬁed amounts of compounds belonging to
the classes investigated. The study identiﬁed 370 chromatographic
peaks of interest, 273 of which showed spectra indicative of the classes
of compounds investigated (Hilton et al., 2010). Given that reference
material was the focus of this analysis, additional research is needed
to better characterize chemical constituents in diverse samples of
house dust. Speciﬁcally, research is needed to help identify emerging
contaminants in dust that have not been characterized in existing refer-
ence materials, or analyzed using targeted methods.
In light of these needs, the goal of this study was to develop and
apply a novel suspect screening method using samples of house dust
collected throughout the U.S. A high resolution mass spectrometry
(HRMS) platform was used to generate MS data which were ﬁrst
matched to a suite of chemical formulas. Predicted formulas were
then mapped to possible chemical structures using an existing U.S.
EPA chemical database that provides highly curated structures for envi-
ronmental chemical inventories of regulatory and toxicological interest.
Prioritization algorithms, consideringmeasurement data (i.e., detection
frequencies and abundances), high-throughput (HT) predictions of
chemical exposure, and HT measures of bioactivity, were then used to
select individual chemicals for follow-up conﬁrmatory analysis. These
methods lay a foundation for characterizing and prioritizing measure-
ment data fromnon-targeted and suspect screening studies, and are ap-
plicable to a variety of environmental media, and perhaps biological
media (e.g., human blood).
2. Materials and methods
2.1. Chemicals for dust sample analysis
Methanol (B&J Brand High Purity Solvent) was purchased from
Honeywell Burdick & Jackson (Muskegon, MI, USA) and ammonium ac-
etate from Sigma Aldrich (St. Louis, MO, USA). Ultrapure deionized (DI)
water was generated in-house from a Barnsted Easypure UV/UF (Du-
buque, IA, USA) coupled with activated charcoal and ion exchange
resin canisters.
2.2. Sample collection
Dust samples were collected as part of the American Healthy Homes
Survey (AHHS), conducted by the U.S. Department of Housing and
Urban Development between June 2005 and March 2006 (HUD,
2011). The survey was designed to assess a nationally-representative
sample of permanently occupied, non-institutional homes throughout
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homeowner vacuum bags from 1131 homes, of which a random subset
of 56 vacuum bag dust samples were included for the purposes of this
study. All dust samples were sieved to produce particles b150 μm
prior to analysis.
2.3. Sample extraction and preparation
Methanol (4 mL) was added to a Falcon Conical Centrifuge Tube
(Becton Dickinson, Franklin Lakes, NJ) containing a 100 mg aliquot of
sieved dust. The sample was shaken for 30 min, sonicated for 30 min,
and centrifuged at 12,500 ×g for 5 min before being concentrated
using solid phase extraction (SPE) onto a 3 cm3 liquid-
chromatography/silica (LC-Si) cartridge (Supelco, Bellefont, PA, USA).
Solid-phase extraction (SPE) cartridges were ﬁrst conditioned with
3 mL of methanol and then a 5 mL aliquot of each sample was loaded.
The eluate was collected and subsequently evaporated under N2 at 35
°C until approximately 1 mL remained. The concentrated solution was
mixed 75:25 with 0.53 mM ammonium acetate buffer and analyzed
via LC–TOF in both positive and negative modes.
2.4. LC–TOF/MS analysis
Analysiswas conducted using anAgilent 1100 high performance liq-
uid chromatograph (HPLC) (Agilent Technologies, Palo Alto, CA)
interfacedwith an Agilent 6210 TOF-MS ﬁttedwith an electrospray ion-
ization source operated in both the negative and positivemodewith the
defragmenter set at 80 Volts. Any drift in the mass accuracy of the TOF-
MSwas continuously corrected by infusionof two reference compounds
(purine [exact mass = 120.043596] and hexakis(1H,1H,3H-
tetraﬂuoropropoxy)phosphazene [exact mass = 921.002522]). Molec-
ular features were observed in the range of 50–1700m/z.
Chromatographic separationwas accomplished using anEclipse Plus
C8 column (2.1 × 50 mm, 3.5 μm; Agilent Technologies, Palo Alto, CA).
The method consisted of the following conditions: 0.2 mL/min ﬂow
rate; column at 30 °C; mobile phases: A: ammonium formate buffer
(0.4 mM) and DI water:methanol (95:5 v/v), and B: ammonium for-
mate (0.4 mM) and methanol:DI water (95:5 v/v); gradient: 0–25 min
linear gradient from 75:25 A:B to 15:85 A:B; 25–40 min linear gradient
from 15:85 A:B to 100% B; 40–50 hold at 100% B. Molecular features
were acquired between 0 and 45 min.
2.5. Molecular feature detection
Molecular features were identiﬁed using the Molecular Feature Ex-
traction (MFE) tool in MassHunter Workstation Software Qualitative
Analysis (Agilent Software, v.B.06.00). The MFE tool is a compound
identifying algorithm that locates individual sample components (mo-
lecular features) by identifying ions that likely represent present com-
pounds, while excluding background and other extraneous noise
(Ferrer and Thurman, 2009; Meng et al., 2010; Sana et al., 2008). Back-
ground subtraction was accomplished by ﬁrst performing non-targeted
screening on both a solvent blank and procedural blank to identify pres-
ent molecular features. These background features were then included
on an exclusion list (incorporated in the MFE tool) while performing
suspect screening on the dust samples. The MFE method used in the
current analysis was implemented based on user-speciﬁed criteria
(Supplementary Table 1). These criteria are similar to those used in pre-
viously published studies (Meng et al., 2010). Descriptive statistics for
peak abundance (i.e., peak area), retention time, and detection rate
were determined for all identiﬁed molecular features. It is of note that
a single molecular feature (with a discrete mass and retention time)
was deﬁned to include all peaks (m/z) that were detected as belonging
to the same analyte, including the peaks representing isotopes, frag-
ments, and/or adducts.2.6. Chemical reference database
EPA's Distributed Structure-Searchable Toxicity (DSSTox) database
was employed for suspect screening (EPA, 2014c; Richard and
Williams, 2002). TheDSSTox database includes standardized, high qual-
ity (i.e., high conﬁdence in CAS–name–structure associations) chemical
structure ﬁles for chemical substances of interest to theU.S. EPA, and the
larger environmental health community. Previously published content
of DSSTox spans several chemical inventories, including high-
production volume (HPV) chemicals, drugs, disinfection by-products,
and chemicals evaluated for endocrine-related endpoints, carcinogenic-
ity, and aquatic toxicity. DSSTox also covers EPA's ToxCast and Tox21
high-throughput screening (HTS) testing inventories (EPA, 2014a),
the latter exceeding 9 K chemicals (EPA, 2014c). Although there are lim-
ited to no toxicity data available for the majority of DSSTox chemicals,
an effort has been made to incorporate a large majority of chemicals
forwhich in vivo animal data are available and toxicity has been demon-
strated, particularly in the case of EPA's ToxCast and Tox21 datasets.
The present study utilized a recently expanded version of the origi-
nal DSSTox database (DSSTox_v2). This expanded database incorpo-
rates over 15 K substances from EPA's Substance Registry System
(EPA, 2014b) that are considered to be of sufﬁciently high quality to
augment the manually curated DSSTox master ﬁle content. At the
time of publication this expanded DSSTox_v2 database includes ca.
34 k unique chemical substances (i.e., unique CASRN and name) that
could be accurately mapped to a unique structure (Supplementary
Table 2). These structures include salt and stereo details. Desalting and
deduplication of molecular formulas, in turn, yielded ca. 16.5 k unique
molecular formulas that were employed in the current analysis. Hence-
forth, we refer to this set of unique molecular formulas as “DSSTox-
MSMF” (“MS” and “MF” highlight the use of this reduced database to
match molecular features [from MS analysis] to molecular formulas).
2.7. Chemical formula/structure assignment
Molecular features identiﬁed via theMFE tool were searched against
chemical formulas in DSSTox-MSMF. The neutral exact (monoisotopic)
masses of these chemical formulas were calculated using an Excel add-
in (Bauweleers, 2014). The “Search Database” tool in Qualitative Analy-
sis (Agilent Software) was used to compare the molecular feature data
from the dust extracts to the DSSTox-MSMF entries, where features
were matched according to neutral exact mass, isotope distribution,
and isotope spacing. The algorithm used for matching required user-
speciﬁed criteria based on mass, isotope abundance, isotope spacing,
and expected data variation (Supplementary Table 1). Many of these
criteria have been suggested in Agilent methods publications and/or
previously published studies (Kind and Fiehn, 2007; Meng et al., 2010;
Tang, 2007). For this analysis, a match score of ≥90 was required for
assigning amolecular formula to amolecular feature. Descriptive statis-
tics for peak abundance, retention time, and detection rate were calcu-
lated for all molecular features to which a DSSTox-MSMF formula was
assigned. For formulas identiﬁed multiple times in the same sample,
the largest abundance value per sample was used in estimating the
mean abundance across samples.
2.8. Prioritization for compound conﬁrmation
Preliminary results showed that, inmany instances, the same formu-
la was associated withmore than onemolecular feature in a given sam-
ple. As such, it is likely that isomeric (same formula, different structure)
and isobaric (different formula, same mass) chemicals existed within
samples. Custom ﬁlters were used to separate formulas likely
representing one chemical vs. more than one chemical across study
samples. For simplicity, a formula was deemed representative of one
chemical if it was most frequently found only once per sample, and if
the relative standard deviation (RSD) of its retention times was less
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ical if it wasmost frequently foundmore than once per sample, or if the
RSD of its retention times was greater than 5%. In subsequent prioritiza-
tion steps (described in detail below), sample statistics were modiﬁed
for formulas representing more than one chemical. Speciﬁcally, for
these formulas, detection frequency estimates (i.e., the number of sam-
ples with a given formula) were divided by two; this step guarded
against overestimating the number of times a suspect chemical was
present in the dust samples.
Chemical conﬁrmation in non-targeted and suspect screening anal-
yses requires the use of standards (Zedda and Zwiener, 2012). There-
fore, prioritization schemes were employed here to select chemical
candidates for subsequent conﬁrmatory analyses. For this investigation,
“priority” candidate chemicals are those that: 1) were found (based on
formula match) in relatively large numbers of study samples, 2) were
found at relatively high abundance, 3) have relatively high human ex-
posure potential, and/or 4) have previously demonstrated bioactivity
in in vitro assays. The Toxicological Priority Index, or “ToxPi” framework,
developed by Reif and colleagues (Reif et al., 2010), was implemented
here in a novel manner to generate and evaluate weighted scores for
each candidate chemical based on the four criteria listed above (see
Fig. 1 for method workﬂow). The ToxPi framework is a generic visuali-
zation tool used to represent individual components of a system (unit
circle) which are scaled and represented as “slices”. For each slice, the
distance from the origin is proportional to the normalized value of the
data, and the width indicates the relative weight of the variable.
Users of the ToxPi framework can select any numeric study variables
to aid in chemical prioritization. In other words, use of the ToxPi frame-
work is not restricted to studies considering only bioactivity/toxicity
data. For example, the ToxPi approach was previously used to evaluate
and prioritize chemicals based on both bioactivity and exposure data
(Gangwal et al., 2012; Reif et al., 2010). The “ToxPi” nomenclature was
adopted in these studies, and in this current investigation, to reﬂect
the use of the published ToxPi software and general prioritization
framework. For the current investigation, it is important to note that
only one ToxPi slice (out of four) reﬂects chemical bioactivity. Detailed
descriptions of data inputs for each ToxPi slice are given below.
For the current study, a dimensionless ToxPi score was ﬁrst calculat-
ed for each chemical (i) as a normalized (values between 0 and 1),
weighted (w) combination of the average abundance (A) and estimatedFig. 1. Suspect screeningworkﬂow for the identiﬁcation of molecular formulas in dust and
prioritization scheme for follow-up conﬁrmation analyses.detection frequency (N), as shown in Eq. 1.
ToxPi Scorei ¼ wA
Ai−Amin
Amax−Amin
þwN Ni−NminNmax−Nmin
ð1Þ
Detection frequency was given twice the weight of abundance
(wN = 2 and wA = 1), considering uncertainty in the relationship be-
tween observed peak abundance and true sample concentration. Next,
revised ToxPi scores were calculated for chemicals with existing expo-
sure (E) and bioactivity (B) data from EPA's ExpoCast™ program and
the Tox21 consortium (the collection and uses of these data are de-
scribed in the following sections), as shown in Eq. 2.
ToxPi Scorei ¼ wA
Ai−Amin
Amax−Amin
þwN Ni−NminNmax−Nmin
þwE Ei−EminEmax−Emin
þwB Bi−BminBmax−Bmin
ð2Þ
Here, abundance and exposure were equally weighted (wA=wE=
1), and detection frequency and bioactivity were given twice as much
weight (wN=wB=2). [Note:weighting schemes can be easily custom-
ized to further emphasize chemicals with elevated detection frequency,
bioactivity, exposure, or abundance.] All ﬁnal data sets used in the ToxPi
algorithm showed positively skewed distributions, thus allowing
chemicals with large values to be highlighted, as previously recom-
mended (Gangwal et al., 2012; Reif et al., 2010). The average abundance
values showed an extreme right-tailed distribution, and were thus log-
transformed to provide better balance across the distributions of A, N, E,
and B values (see Eq. 2). Visualizations and scores were generated using
ToxPi Software (v1.3) (Reif et al., 2010).
2.8.1. Exposure information for ToxPi scoring
Robust exposure data are lacking for the majority of manufactured
and environmental chemicals (Egeghy et al., 2012). However, HT
models have recently been developed within EPA's ExpoCast program
for predicting human exposure across thousands of analytes (Isaacs
et al., 2014b; Wambaugh et al., 2013;Wambaugh et al., 2014). The cur-
rent study uses exposure predictions from Wambaugh et al.
(Wambaugh et al., 2014), who ﬁrst used ﬁve exposure descriptors, or
heuristics, to predict exposures inferred from the U.S. National Health
and Nutrition Examination Survey (NHANES) biomarker data, and
then a model based on this work to estimate human exposure to ap-
proximately 8000 chemicals. For each chemical a 95% credible interval
was estimated for the median exposure rate (mg/kg/day) for the total
U.S. population. These chemical-speciﬁc exposure rates were grouped
into discrete categories, where:
Category 1 b 1 × 10−8 mg/kg/day;
Category 2 ≥ 1 × 10−8 mg/kg/day and b1 × 10−7 mg/kg/day;
Category 3 ≥ 1 × 10−7 mg/kg/day and b1 × 10−6 mg/kg/day;
Category 4 ≥ 1 × 10−6 mg/kg/day and b1 × 10−5 mg/kg/day;
Category 5 ≥ 1 × 10−5 mg/kg/day and b1 × 10−4 mg/kg/day;
Category 6 ≥ 1 × 10−4 mg/kg/day and b1 × 10−3 mg/kg/day; and
Category 7 ≥ 1 × 10−3 mg/kg/day and b1 × 10−2 mg/kg/day.
Due to broad uncertainties in the exposure rate estimates, these cat-
egories are not absolute ranks. However, for a given chemical, the lower
the assigned category the less likely a high exposure rate. Exposure cat-
egory values for tentatively-identiﬁed chemicals were used to generate
ToxPi scores (with Ei ranging from 1 to 7), according to Eq. 2.
2.8.2. Bioactivity information for ToxPi scoring
Bioactivity data were downloaded from the EPA's online ToxCast
data repository in December 2014 (version 20141022) (EPA, 2014a).
For this analysis, Tox21 results were used from assays testing the activ-
ity of ﬁve transcription factors known to play important roles in disease
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general cell-stress and toxicity. The selected assays cover the aryl hydro-
carbon receptor (AhR), the androgen receptor (AR), estrogen receptor
alpha (ERα, one of the two forms of ER), nuclear factor of kappa light
polypeptide gene enhancer in B cells 1 (NFκB1, a part of the NFκB com-
plex), and the peroxisome proliferator-activated receptor gamma
(PPARγ). Pathways regulated by AhR, AR, ER, NFκB, and PPARγ are
known to be altered upon exposure to environmental contaminants
(Rager and Fry, 2013), and are therefore of interest when evaluating
chemical stressors in environmental media. Hit calls (0 or 1) from
these assays were used here, and represent the overall activity in re-
sponse to each chemical, with a value of 1 representing an “active”
chemical, and a value of 0 representing an “inactive” chemical. It is note-
worthy that the number of assay technologies was not equal across all
ﬁve proteins, with AR and ERα having greater coverage (AhR = 1
assay, AR=4 assays, ERα=4 assays, NFκB1=2 assays, PPARγ=2 as-
says, and cytotoxicity/viability = 3 assays; these assays are listed in
Supplementary Table 3). Furthermore, some chemicals were tested in
replicate (up to four times) for a given assay, while otherswere not test-
ed across the full suite of 16 assays. Given these variations across
chemicals and assays, hit calls were averaged for each chemical,
resulting in a percent activity estimate. These ﬁnal bioactivity values
were used for ToxPi scoring, according to Eq. 2, with possible Bi values
ranging from 0% (no observed bioactivity) to 100% (all assay tests indi-
cated activity).
2.9. Method evaluation and chemical conﬁrmation
A sample of chemicals with both Tox21 data and ExpoCast model
predictions thatwere suspected of being in the dust samples, and prior-
itized using the ToxPi scoring system, were further evaluated using
standards. A mixture of 100 chemicals was ﬁrst prepared by two of
the study co-authors (AMR and CMG). Chemicals were selected based
on the list of detected formulas from the original LC–TOF experiments,
after MFE analysis, by matching formulas to chemicals for which stan-
dards were available from EPA's ToxCast Chemical Contractor (Evotec,
South San Francisco, CA). Available chemical standards span EPA's
ToxCast and Tox21 overlapping testing libraries, both of which are
heavily prioritized to cover chemicals of high regulatory interest for tox-
icity and exposure (the smaller ToxCast library is almost entirely includ-
ed in the larger Tox21 library). Targeting 100 chemicals for the
constructed standard mixture, chemicals were further prioritized ac-
cording to high abundance values, excluding formulas having multiple
mappings detected in dust samples, choosing formulas separated by
more than 1% in MW (with the exception of isomers), and by ensuring
that similar MW chemicals had signiﬁcantly different log octanol/water
partition coefﬁcients (logP) to produce a spread in LC–TOF/MS retention
times. The ﬁnal list of chemical standards was restricted to organic
chemicals only, no salts, and included multiple stereoisomers, as well
as a single pair of constitutional isomers.
The standardmixture was prepared by combining 1 μL of 20mM di-
methyl sulfoxide (DMSO) stock solution for each analyte, to create
100 μL of solution with 0.2 mM ﬁnal effective concentration of each an-
alyte. This initial stock mixture was then diluted in methanol to yield
two working standards at concentrations of approximately 2 and
0.2 μM for each analyte.
A blinded laboratory analysis of the chemical mixture was per-
formed by three other co-authors (JER, MJS, and RLM) using the analyt-
ical methods described in earlier sections. Speciﬁcally, after background
subtraction, molecular features identiﬁed in the preparedmixture stan-
dards were matched to molecular formulas (using criteria described in
Supplementary Table 1) from the DSSTox-MSMF database. Certain mo-
lecular features were well characterized in only one concentration stan-
dard due to either limited sensitivity or detector saturation. Other
molecular features were well characterized in both high and low con-
centration standards. Chromatographic peaks for the latter featureswere manually evaluated to ensure a proportional response in peak
area given the 10-fold difference in standard concentrations. Features
showing no difference between standards were omitted from further
analyses.
A list of proposed formulas was matched to the list of chemicals in
the standard mixture (which was blinded up until this point).
Chemicals included in the standards but not identiﬁed using the screen-
ingmethodwere further evaluated using extracted ion chromatograms.
This manual evaluation informed the extent to which the current
screening method may “miss” ionizable analytes.
In the last step, retention times andmass spectra for chemicals in the
standards, and observed using the screening method, were compared
with molecular features observed in the dust samples. For a conﬁrmed
match, a feature in dust was required to have a predicted formula
matching that of a standard, and a retention time within 1 min of that
observed for the same standard. All matched features were conﬁrmed
by visual inspection of background-subtracted spectra.
2.10. Literature search
A SciFinder® search was performed (December 2015) to determine
whether conﬁrmed chemicals in this study have been previously exam-
ined in house dust (SciFinder 2015). Each chemical's CASRN was ﬁrst
searched alongside “house dust” within the SciFinder “Research Topic”
menu. The results list, showing the number of references containing
both CASRN and house dust concepts, was then reﬁned to include
only journal references. The number of journal references that resulted
from each query was recorded. This literature search was not meant to
be exhaustive, but to provide some indication as to whether speciﬁc
chemicals have been previously studied in dust. As such, the number
of “hits” presented here may underestimate or overestimate the true
numbers of studies in which chemicals have been characterized in
dust. While the number of hits may not be quantitative, the relative oc-
currence frequency is of value for indicating the prevalence of the chem-
ical compound in the literature, and therefore an inﬂuential parameter.
3. Results
3.1. Molecular features and predicted formulas
Over 300,000 molecular features were observed across the 56
household dust samples (representing the total number of observed
features, not the number of unique features). Results for all observed
features are given in Supplementary Table 4, and summary statistics
in Table 1, classiﬁed by ionization mode. On average, approximately
3000 molecular features per sample were isolated via MFE in positive
mode, and 2000 in negative mode. The number of features per sample
spanned an approximate 10-fold and 15-fold range in positive and neg-
ative modes, respectively, suggesting substantial variability across sam-
ples. The median molecular feature abundance was approximately
260,000 in both positive and negative modes; these median estimates
were substantially lower than calculated mean values, reﬂecting right-
skewed measurement distributions (indicating that relatively few fea-
tures had exceedingly high abundances). Indeed, Table 1 shows that
maximum abundance values were 900 and 2300 times larger than me-
dian values in positive and negative mode, respectively, whereas medi-
an values were only 20 times larger than minimum levels.
Using strict match criteria (score ≥ 90) based on neutral exact mass,
isotope distribution, and isotope spacing, 978 unique formulas from
DSSTox-MSMFmatched to a molecular feature in at least one dust sam-
ple identiﬁed through positive, negative, or both ionization modes
(Supplementary Table 5). It is important to note, however, that thema-
jority ofmolecular features did notmatch to any of the 16,000+ formu-
las within the DSSTox-MSMF database, and were thus excluded from
further analysis. As shown in Table 1, on average 45 DSSTox-MSMF for-
mulas were tentatively identiﬁed per sample, representing less than 2%
Table 1
Descriptive statistics of molecular features identiﬁed via LC-TOF/MS analysis of dust extracts using positive (A) and negative (B) ionization modes.
Mean SD Min Med Max
(A) Positive ionization mode
Abundance 9.32 × 105 3.94 × 106 1.46 × 104 2.61 × 105 2.33 × 108
Number of features per sample 3185 1023 632 3262 5477
Number of formula matches per sample 45 14 4 45 77
(B) Negative ionization mode
Abundance 1.26 × 106 7.87 × 106 1.61 × 104 2.58 × 105 6.06 × 108
Number of features per sample 2236 646 260 2169 3739
Number of formula matches per sample 44 27 10 38 116
SD refers to standard deviation; min to minimum; med to median; max to maximum.
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only 3.9% of sample-speciﬁc molecular features mapped to DSSTox-
MSMF formulas. Together these results indicate that the large majority
of chemicals in the dust extracts, detected as molecular features by
LC–TOF/MS,may not have been included in theDSSTox-MSMF database
(e.g., environmental transformation products), or failed to meet the
strict match criteria.
Fig. 2 shows the results of the ﬁltering procedures used to determine
whether speciﬁc formulas likely mapped to one or more chemicals. In
Fig. 2A, all 978 predicted formulas are shown as stacked columns,
with columnheights reﬂecting the numbers of samples inwhich formu-
las were observed. The blue column portions reﬂect the numbers of
samples in which formulas were observed only once, and the green col-
umn portions reﬂect the numbers of samples in which formulas were
observed more than once. A red vertical dashed line is used to separate
formulas most often detected only once per sample (left of the vertical
line— ordered from largest to smallest) from thosemost often detected
more than once per sample (right of the dashed line — ordered from
smallest to largest). Out of the 978 unique formulas, 951 (97%)were ob-
servedmost often only once per sample. Retention time data were used
to further ﬁlter these formulas, as shown in Fig. 2B. Here, relative stan-
dard deviations (RSDs) of retention times are plotted for each of the 951
formulas selected from Fig. 2A. Note that RSDs are based solely on sam-
ples in which a given formula was observed only once (i.e., the blue col-
umn portions in Fig. 2A). Out of 951 formulas, 802 were observed to
have RSDs less than 5%. Thus, 82% of the original 978 formulas were
most frequently observed once per sample, and showed consistent re-
tention times across samples. Each of these 802 formulas are therefore
assumed to represent a unique chemical (i.e., not isomeric or isobaric
structures) across samples for the sake of prioritization. Fig. 2C shows
the number of samples in which these 802 formulas were observed,
and Fig. 2D shows the number of samples in which the remaining 176
formulas, each likely representing more than one chemical, were
observed.
3.2. Bioactivity and exposure estimates for unique chemicals
The 978 (desalted) unique formulas predicted from the molecular
feature data mapped to 3228 unique chemical substances (i.e., at the
CASRN level) in the DSSTox_v2 database (Supplementary Table 5).
Of these 3228 chemicals, bioactivity data were available for 855, expo-
sure estimates were available for 818, and both bioactivity data and
exposure estimates were available for 814 (25%) (Supplementary
Table 5). Exposure estimates for the 818 chemicals were bounded be-
tween 1 × 10−7 mg/kg/day (Category 3 lower limit) and 1 × 10−-
2 mg/kg/day (Category 7 upper limit). The numbers of chemicals for
the different exposure categories were as follows: Category 3 = 1
chemical, Category 4 = 258 chemicals, Category 5 = 424 chemicals,
Category 6=79 chemicals, and Category 7=56 chemicals. Bioactivity
hit calls could not be directly compared across chemicals since the
number of assay tests per chemical (including replicate runs) varied
from four to 60 (median = 20). It is noteworthy that 14% of the 855
chemicals of interest were not tested across all 16 assays included inthe current analysis. As such, chemicals were compared based on ac-
tive hits expressed as percentages of total assay tests (Supplementary
Table 3). Over half (479) of the 855 chemicals with Tox21 data had a
bioactivity score of 0% (no observed activity). Of the remaining 376
chemicals, bioactivity scores ranged from 2.1% to 68.8%. Thus, in the
most extreme case, the chemical was active in nearly three-quarters
of the assay tests.
3.3. Chemical prioritization using ToxPi rankings
To prioritize which of the chemicals should be further examined,
empirical measures (i.e., chemical abundance and detection fre-
quency) and information from external resources (i.e., exposure cat-
egories and bioactivity) were integrated using the ToxPi framework.
Chemicals were prioritized and scored in two separate groups; group
A chemicals (n = 814) were evaluated using the full suite of expo-
sure, bioactivity, and empirical measurement data, according to
Eq. 2, and group B chemicals (n = 2414) were evaluated using only
empirical measures (in the absence of exposure and bioactivity
data) according to Eq. 1. Using this strategy, chemicals with available
exposure and bioactivity data were ranked separately from those
that have yet to be evaluated as part of the ExpoCast and Tox21 pro-
grams. All scoring metrics are provided in Supplementary Table 5 to
support future prioritizations that may consider alternative
weighting of the ToxPi components.
Priority scoring of the group A chemicals showed that the chemicals
with the highest ToxPi scores were 1,2-Benzisothiazolin-3-one, Oleic
acid, Calcifediol, Tris(2-ethylhexyl) trimellitate, and 3-Hydroxy-N-(3-
nitrophenyl)naphthalene-2-carboxamide (Fig. 3, Supplementary
Table 5). These ﬁve chemicals had bioactivity scores ranging from 0%
(Oleic acid) to 43.8% (1,2-Benzisothiazolin-3-one) and estimated detec-
tion frequencies ranging from 28 (Calcifediol) to 49 (Oleic acid). Impor-
tantly, in Fig. 3, a red bracketed number is presented below each ToxPi
graphic, denoting the number of chemicals in DSSTox_v2 for which
the desalted formula matches that of the presented chemical (names
and desalted formulas for each chemical are given in Supplementary
Table 5). For example, 33 chemicals in the DSSTox_v2 database have a
desalted formula of C18H34O2, which is the formula for Oleic acid (the
second-ranked group A chemical). Considering this result, all of the fol-
lowing are possible prior to conﬁrmatory experiments: 1) Oleic acid
could be present in the dust, 2) a different DSSTox_v2 chemical with
the same desalted formula could be present, 3) multiple DSSTox_v2
chemicals with the same desalted formula could be present, or 4) a
chemical (or chemicals) not in DSSTox_v2 with the same desalted for-
mula could be present. Hence, noting this example, the chemicals listed
in Fig. 3 are only the top ranked candidate chemicals, and not ﬁnal con-
ﬁrmed chemicals.
Priority scoring of the group B chemicals (i.e., those without ex-
posure and bioactivity data) showed that chemicals with the highest
ToxPi scores were those associated with the formulas C9H18Cl3O4P
and C18H34O2 (Supplementary Fig. 1). The formula C18H34O2 is the
formula for Oleic acid, which again, is shared by 33 chemicals in
the DSSTox_v2 database. Importantly, Oleic acid is not included in
Fig. 2. Criteria for evaluating whether a predicted formula most often represents one or multiple chemicals across dust samples. (A) All of the predicted formulas in dust (n = 978) are
shown as stacked columns, with column height reﬂecting the number of samples in which formulas were observed. The blue column portions reﬂect the numbers of samples in which
formulas were observed once, and the green column portions reﬂect the numbers of samples in which formulas were observed more than once. A red vertical dashed line separates for-
mulasmost oftendetected only once per sample (left of the vertical line— ordered from largest to smallest) from thosemost oftendetectedmore than onceper sample (right of the dashed
line — ordered from smallest to largest). Out of the 978 unique formulas, 951 (97%) were observed most often only once per sample. (B) Percent relative standard deviations (RSD) of
retention times for formulas observed once per sample. 802 out of 951 had RSD estimates less than 5% (denoted by the horizontal dashed line). (C) Stacked columns for 802 formulas
that met ﬁltering criteria from (A) and (B), and therefore most often represent unique chemicals. (D) Stacked columns for 176 formulas that did not meet ﬁltering criteria from
(A) and (B), and therefore likely represent multiple chemicals.
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this chemical (i.e., it was evaluated as part of group A). Yet, seven
salts of Oleic acid are included, since these chemical forms have not
been explicitly evaluated for exposure and bioactivity in the
ExpoCast and Tox21 programs. [Note: Future studies may consider
collapsing results for the parent and various salt forms as being rep-
resentative of generalized public exposure data and likely to yield
similar bioassay data.] The formula C9H18Cl3O4P maps to three
chemicals in the DSSTox_v2 database (two of which were examined
in group A). Other high ranking chemical formulas include C33H54O6,
which maps to four chemicals in the DSSTox_v2 database (two of
which were examined in group A); and C25H45N, which maps to
only one chemical in the DSSTox database_v2 (Supplementary Fig.
1). The complete list of chemicals (groups A and B) with associated
ToxPi scores is given in Supplementary Table 5.3.4. Validation of chemical subset
Of the 3228 potential chemicals identiﬁed in dust, 100were selected
and included in a standard mixture for conﬁrmatory analysis. The goals
of this step were less about exhaustive conﬁrmation of the top scoring
chemicals, andmore about evaluation of the suspect screeningmethods
used for the dust samples. As such, the standardmixture did not include
the top 100 scoring chemicals, but a diverse set with ~40 chemicals in
the top quartile of ToxPi scores. Of the 100 chemicals in the standard
mixture, 58 were identiﬁed using the same methods and criteria as
used in the dust analysis (30 in positive mode, 19 in negative mode,
and 9 in both modes). Thirty-three of these chemicals were then con-
ﬁrmed to be in the dust samples based on matching retention times
and spectra (Table 2). About half of these conﬁrmed chemicals were
within the top quartile of prioritization scores.
Fig. 3. Prioritization scoring for groupA chemicals. ToxPi scores are plotted for the 814 chemicals in group A, organized according to the chemicalswith the lowest ToxPi scores (bottom) to
those with the highest scores (top). ToxPi visualizations are displayed for the 25 chemicals with the highest rankings — these chemicals are shown only as the top ranked candidate
chemicals that require additional analysis for conﬁrmation. These chemicals should not be considered to be conﬁrmed in dust based on this ﬁgure. The slices of each ToxPi represent
weighted values for detection frequency, abundance, exposure, and bioactivity. For each slice, the distance from the origin is proportional to thenormalized value of thedata, and thewidth
indicates the relative weight of the variable. The red bracketed numbers following each chemical name refer to the total number of chemicals in DSSTox_v2 that share the same desalted
formula as the chemical listed.
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Piperine had the largest ToxPi scores. Example extracted ion chromato-
grams for Piperine in the standard and dust are included in Supplemen-
tary Fig. 2. Other notable conﬁrmed chemicals include Triclocarban
(detected in 21 samples), N,N-Diethyl-m-toluamide (DEET) (detected
in 33 samples), Diethyl phthalate (DEP) (detected in 23 samples),
Propylparaben (detected in 19 samples), Tris(1,3-dichloro-2-propyl)
phosphate (TDCPP) (detected in 15 samples),Methylparaben (detected
in 16 samples), and Nicotine (detected in 10 samples). Table 2 lists the
true detection frequency (Ntrue) for all 33 conﬁrmed chemicals, as well
as detection frequency estimates (Ni, from Eqs. 1 and 2) that were orig-
inally included in the ToxPi scores. Of the 33 conﬁrmed chemicals, Ni =
Ntrue for 16 chemicals, Ni N Ntrue for 9 chemicals, and Ni b Ntrue for 8
chemicals. The largest overestimation of detection frequency occurred
for 3,6,9,12-Tetraoxahexadecan-1-ol, where Ni = 25 and Ntrue = 1,
and for Di(propylene glycol) dibenzoate, where Ni = 32 and Ntrue =
4. Here different chemicals with matching formulas were present in
the remaining samples. The largest underestimation occurred for Nico-
tine, where Ni = 6 and Ntrue = 10. Here, the RSD of retention times for
Nicotine exceeded 5%, and themolecular featureswere therefore initial-
ly deemed to represent more than one chemical. This ultimately led to
an adjustment of the detection frequency (Ni) used in the ToxPi scoring
for nicotine.
3.5. Quality assurance and quality control
Typical quality assurance and quality control (QA/QC) measures of
accuracy and precision for quantitative analytical methods are not nec-
essarily applicable to non-targeted and suspect screening studies. Thesenascent endeavors relymainly on instrumentalmass accuracy and data-
base matching/formula prediction. As mentioned previously, instru-
mental drift in the mass accuracy of the TOF-MS was continuously
corrected by infusion of two reference compounds. These correction
measures functioned towards the outer range of the monitored m/z,
and therefore may potentially have done little to assure the mass accu-
racy of all features. To evaluate mass accuracy across the entire m/z
range of conﬁrmed analytes (152–514), mass measures of the 33 com-
pounds in dust and the standard mixture were examined against exact
referencemasses. Speciﬁcally, mass accuracy (on a ppm scale) was ﬁrst
calculated for each measure and then averaged for each analyte (sepa-
rately for the standard and samples). Results (Supplementary Table 6)
indicatemeanmass accuracies of 0.94 ppm and 1.11 ppm for conﬁrmed
chemicals in the standard and dust extracts, respectively. These esti-
mates, combined with generally small standard deviation values (Sup-
plementary Table 6), indicate good instrumental accuracy and
precision across them/z range of conﬁrmed chemicals.
Formulas tentatively identiﬁed in the dust extracts were “con-
ﬁrmed” as known chemicals only after retention time matching (note
that conﬁrmation here did not involve structure elucidation via NMR
or fragmentation pattern matching). Speciﬁcally, for a chemical to be
conﬁrmed, retention times observed in the samples were required to
be within 1 min of those observed in the standards. This one-minute
time window was intended to allow for moderate chromatographic
drift, since the standardmixture analyses occurred after the completion
of the sample analyses. Summary statistics for absolute retention time
differences (i.e., |Sample RT−Standard RT|) are given in Supplemen-
tary Table 6. Here, the mean and SD of absolute differences are given
for each conﬁrmed chemical. Mean absolute differences ranged from
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value of 0.66 (SD = 0.29) was observed for Nicotine, which had very
early elution times (between 1.6 and 2.75 min). Nicotine elution was
so variable, in fact, that two observations were excluded during early
analyses, since they were outside of the predeﬁned 1-min window.
After careful visual examination, these two observationswere conﬁrmed
as Nicotine and added to the ﬁnal dataset. These were the only two
observations, across all 33 conﬁrmed chemicals, detected outside of the
predeﬁned time window, but still included as part of Ntrue.
3.6. Existing evidence of conﬁrmed chemicals in dust
A literature query found that 18 of the 33 conﬁrmed chemicals have
been associated with “house dust” in previous journal publications (de-
noted as “SciFinder hits” in Table 2). The highest ranking chemicals
based on SciFinder hits include TDCPP (38 hits), DEP (36 hits),
Perﬂuorooctanoic acid (PFOA) (33 hits), Nicotine (24 hits), DEET (22Table 2
Chemicals conﬁrmed in household dust. The ToxPi Rank is shown as a percentage of all
chemicals in group A, except for C.I. Disperse Yellow 3, which is ranked in group B. Ni in-
dicates the estimated detection frequency of a given chemical in the dust samples, as
based on the number of observed molecular features (mapped to a formula) and the re-
tention time differences between observations. Ntrue indicates the true, conﬁrmed detec-
tion frequency, as based on comparisons between the molecular features (mapped to a
formula) and chemical standards. SciFinder hits reﬂect the number of journal references
that resulted from querying SciFinder (Dec 2015) for each CASRN and the term “house
dust”.
CASRN Chemical name
ToxPi
rank
(%)
Ni Ntrue
SciFinder
hits
27138-31-4 Di(propylene glycol) dibenzoate 1.1% 32 4 0
94-62-2 Piperine 1.2% 42 42 1
101-20-2 Triclocarban 1.7% 21 21 0
134-62-3
N,N-Diethyl-m-toluamide
(DEET)
2.6% 33 33 22
84-66-2 Diethyl phthalate (DEP) 4.2% 23 23 36
94-13-3 Propylparaben 5.4% 19 19 7
1559-34-8 3,6,9,12-Tetraoxahexadecan-1-ol 5.7% 25 1 0
97-78-9 N-Dodecanoyl-N-methylglycine 6.0% 18.5 6 0
13674-87-8
Tris(1,3-dichloro-2-propyl)
phosphate (TDCPP)
6.8% 18 15 38
99-76-3 Methylparaben 8.7% 12.5 16 10
298-46-4 Carbamazepine 12.0% 1 1 0
78-42-2
Tris(2-ethylhexyl) phosphate
(TEHP)
12.4% 3.5 1 18
143-22-6
2-[2-(2-Butoxyethoxy)ethoxy]
ethanol
15.5% 4.5 2 2
77-93-0 Triethyl citrate 16.8% 6 6 0
589-68-4
Tetradecanoic acid,
2,3-dihydroxypropyl ester
18.3% 3 1 0
120-32-1 Clorophene 25.1% 4 4 0
54-11-5 Nicotine 25.3% 6 10a 24
80-09-1 4,4′-Sulfonyldiphenol 33.5% 2.5 4 1
754-91-6
Perﬂuoroctylsulfonamide acid
(PFOSA)
34.4% 1 1 9
86386-73-4 Fluconazole 34.8% 0.5 1 0
335-67-1 Perﬂuorooctanoic acid (PFOA) 38.0% 2 3 33
50-22-6 Corticosterone 39.9% 3 1 3
105-99-7 Dibutyl hexanedioate 48.9% 6.5 1 3
107-66-4 Phosphoric acid, dibutyl ester 51.0% 3.5 4 1
2832-40-8 C.I. Disperse Yellow 3 51.4%b 3 3 0
29836-26-8 Octyl beta-D-glucopyranoside 51.7% 1 1 0
335-76-2 Perﬂuorodecanoic acid (PFDA) 54.2% 3 3 13
63-25-2 Carbaryl 55.5% 2 2 15
162011-90-7 Rofecoxib 77.1% 0.5 1 0
125-33-7 Primidone 78.6% 3 3 0
6378-25-2
2,4,5-Trichlorobenzenesulfonic
acid
82.7% 2 2 0
103055-07-8 Lufenuron 89.7% 1 1 0
838-85-7 Diphenyl phosphate 91.4% 3 6 3
a Two of the 10 dust samples showed RT values for nicotine that differed from the
standard RT values by 1.04 and 1.15 min, just outside of the 1 minute difference criteria.
b Chemical in Group B ranking.hits), TEHP (18 hits), and Carbaryl (15 hits). These chemical matches
were conﬁrmed in 27%, 41%, 5%, 18%, 59%, 2%, and 4% of study samples,
respectively.
4. Discussion
Non-targeted and suspect screening analyses produce lists of
chemicals that may be present in environmental and biological media.
In order for chemicals to be unequivocally identiﬁed, validation using
chemical standards is often necessary, especially in the absence of frag-
mentation data. Even in situations when chemical fragmentation is fea-
sible, prioritization of which chemicals to ﬁrst assess is important. In the
current study, 56 household dust samples were collected from across
the U.S. and analyzed using LC–TOF/MS with positive and negative
electrospray ionization. Thousands of molecular features in the dust
were matched to 978 formulas associated with 3228 possible chemical
substances in the DSSTox_v2 database. A new strategy was proposed
to prioritize chemicals of high interest for further evaluation by inte-
grating HRMS data with HT exposure and toxicity forecasts. An analysis
of a compound standard mixture, comprised of 100 chemicals from
EPA's Tox21/ToxCast chemical library, ultimately conﬁrmed the pres-
ence of 33 chemicals in the dust samples, about half of which were in
the top quartile of the prioritization ranking.
Many of the conﬁrmed chemicals were ranked as high-priority
based on detection frequency and/or abundance, while others based
on bioactivity scores and/or exposure estimates. For example, Piperine
was detected in a large portion (75%) of the dust samples. Piperine is
an alkaloid and the major active ingredient in black pepper. It is also
used as a natural insecticide and pesticide (Duke et al., 2010;
Srinivasan, 2007). Triclocarban had a lower detection frequency (38%),
but was prioritized based largely upon its bioactivity score. Triclocarban
is an antibacterial agent common in personal care products, including
bar soaps and body washes. There is some in vitro evidence similar to
the HT Tox21 assay results showing that Triclocarban may alter
endocrine-related signaling (i.e., AR and ER activity) (Ahn et al., 2008),
although these alterations may primarily occur at high levels and fur-
ther research on the toxicological effects of Triclocarban is needed.
Propylparaben and methylparaben had slightly lower detection fre-
quencies (~30%) and bioactivity values, but were high ranking
chemicals based on their relatively high exposure estimates. These
parabens are used as preservatives in foods, and are also commonly
used in cosmetics and other consumer products (e.g. deodorants,
creams, and lotions) (Darbre andHarvey, 2008). These uses can contrib-
ute to paraben exposure via direct contact, thereby causing exposure es-
timates to be relatively high.
Developing a chemical prioritization index is neither trivial nor non-
controversial. In this study, detection frequency and bioactivity were
more heavily-weighted than exposure and abundance. [A sensitivity
analysis was performed to gauge the impact of variable ToxPi weighting
on the list of prioritized analytes. Results and discussion of this analysis
are included in Appendix A, Supplementary Fig. 3]. Using these criteria,
a number of priority chemicals had either limited detection frequency
or limited bioactivity (Fig. 3 and Supplementary Table 5). Chemicals
with limited bioactivity alone were not omitted from further consider-
ation for two key reasons. First, bioactivity data used in our prioritiza-
tions are not deﬁnitive measures of in vivo toxicity, and are only
intended for screening purposes. Second, priority chemicals were only
tentatively identiﬁed (by molecular formula) to inform follow-up con-
ﬁrmatory analyses. Thus, formulas identiﬁed in study samples may rep-
resent a known chemical with no bioactivity (listed in our DSSTox_v2
database), or an unknown chemical (not in our DSSTox_v2 database)
that has yet to be examined for bioactivity. Chemicals with limited de-
tection frequency alone were also not omitted from further analysis
considering the uncertainty in detection frequency estimates (see Ni
vs Ntrue in Table 2). A chemical detected in few study samples using sus-
pect screening may actually be detected in many study samples using a
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scant detection frequency alone may not justify diminished priority.
The following sections highlight speciﬁc uncertainties related to this
proof-of-concept analysis, as well as areas that will beneﬁt from reﬁne-
ment in subsequent screening studies.
Only a small percentage of the total molecular features in dust were
ultimately identiﬁed and conﬁrmed in this study. As such, the methods
described here should be considered a ﬁrst step towards fully integrat-
ing HRMS data with predictions and measurements generated from
21st century evaluation platforms (Judson et al., 2010; Wambaugh
et al., 2013). Future efforts will focus on expanding and optimizing
each component of the method, and will aim to: 1) acquire larger sets
of molecular features using multiple analytical platforms (e.g., GC–
TOF) and optimized methods (e.g., those utilizing MS/MS); 2) identify
a greater percentage of formulas and chemicals using expanded chem-
ical libraries; 3) prioritize larger chemical lists using updated forecasts
from ExpoCast and ToxCast/Tox21; and 4) conﬁrm larger lists of
chemicals using additional standard mixtures. Key issues related to
each of these aims are described below.
Results from this suspect screening analysis were likely affected by
methodological procedures related to the extraction, cleanup, LC–TOF/
MS analysis, and data ﬁltering steps. Indeed, some chemicals commonly
found in household dust were not identiﬁed here. For example,
polybrominated diphenyl ethers (PBDEs) are commonly found in
household dust samples (Stapleton et al., 2005), were among the list
of chemicals used for suspect screening (DSSTox_v2), and yet were
not identiﬁed in the study samples. It is possible that PBDEs weren't
present in the study samples. However, it is also possible that PBDEs
were simply not detectable given the method parameters. Future stud-
ies will explore aspects of the method that may be optimized for differ-
ent classes of chemicals, and across a broad concentration range.
With respect to sample/standard analysis and molecular feature de-
tection, it was discovered in several instances (n = 6) that a standard
compound existed only as a Na+ adduct in positive mode rather than
a H+ adduct. This has implications on our dust analysis results, as we
chose not to screen for the Na+ adducts. Furthermore, several of the
standard compounds were not observed in either mode (+ or−) con-
sidering all adducts (Na+, H+, formate). These compounds may not be
soluble in the selected solvents ormay bemore amenable to alternative
assay platforms. For example, a parallel HRMS method using gas chro-
matography (GC)–TOF/MS and a less polar extraction solvent amenable
for GC assays could help elucidate more volatile/less polar compounds
in these dust samples. This would support a broader examination of
the “chemical space” of house dust, and would offer additional insights
into the breadth of the exposome.
With respect to data ﬁltering, it is recognized that a match score re-
quirement of ≥90may have been overly restrictive in some instances. A
post-hoc investigation of results for all standards (n = 100) indicated
that, in several instances, compounds with match scores between 80
and 90 using the suspect screening method (and thus, not captured as
part of the default analysis) actually had match scores N95 after back-
ground subtraction (using extracted ion chromatograms). To demon-
strate the implications of this ﬁnding, consider that PFOA was
conﬁrmed in only 3 dust samples using a match score of ≥90
(Table 2). The number of conﬁrmed samples would have elevated to
24 had the match score requirement been dropped to ≥80, and 32 if
dropped to ≥70. These results suggest that Ntrue is a conservative esti-
mate for at least some of the chemicals found in dust (Table 2). The
goal of future work will be to determine an appropriate balance be-
tween false positives and false negatives as a function of formula
match score. Future efforts will also carefully evaluate the effect of sam-
ple dilution on both compound quality score and formula match score.
Of the thousands of molecular features extracted from the LC–TOF/
MS chromatographic data, less than 2% per dust samplematched tomo-
lecular formulas in the DSSTox-MSMF. This small percentage is attribut-
able to stringent feature–formula matching criteria, as well as tolimitations in the size and scope of the suspect screening database.
The DSSTox-MSMF library included over 16,000 formulas corresponding
to more than 33,000 chemical substances having a uniquely assigned
structure (i.e., 1:1 mappings of substance CASRN and name to structure).
The large discrepancy in the number of unique formulas versus the num-
ber of structures and substances is due to the collapse of stereoisomers,
geometric isomers, and salts/complexes (upon desalting) to replicate for-
mulas, as well as structures sharing the same number of atoms in
completely different conﬁgurations. Clearly, if the size of the reference li-
brary is expanded, these ~16,000 formulas will likely map to even larger
lists of chemical substances, increasing the number of candidate sub-
stance matches for each dust formula component.
Incorporating a much larger list of candidate formulas could also
provide greater coverage of observed formula peaks in dust samples.
For example, EPA's Aggregated Computational Toxicology Resource
(ACToR) database (Judson et al., 2012), which also aggregates invento-
ries relevant to environmental toxicity, currently contains over 500 K
CASRN, whereas PubChem (NCBI, 2015) and ChemSpider (Pence and
Williams, 2010) each contain millions of structures (i.e., formulas)
mapped to an even larger number of substances. Increasing the number
of possible substance–formulamatches through use of these less highly-
curated public resources will increase the computational complexity of
the data analysis, and may also introduce greater uncertainty when ap-
plying prioritization schemes to determine likely matches. It is note-
worthy, however, that chemicals conﬁrmed in the present study
ranked highly against compounds with identical formulas in the
ChemSpider inventory, after sorting by “# of Data Sources”, according
to the method of Little et al. (2012) (results given in Supplementary
Table 7). This suggests that inventoried chemicals with many data
sources (i.e., vendors and other suppliers) are more likely to be found
in screening studies than those with few data sources (including
“make-on-demand” chemicals that have never been synthesized and
are not yet in commerce). As such, ChemSpider and similar public data-
bases may prove valuable components of screening workﬂows, aiding
the prioritization/ﬁltering of large lists of inventoried chemical sub-
stances that map to a single formula.
In addition to considering larger chemical reference databases, our
future studies will pursue broader conﬁrmational experiments to iden-
tify additional contaminants of dust and othermedia. The conﬁrmation-
al analysis of the 100-chemical mixture performed here used chemicals
provided by EPA's ToxCast Chemical Contractor that were also included
in ToxCast/Tox21 HTS testing and, hence, accompanied by bioassay
data. EPA's complete ToxCast/Tox21 inventory consists of more than
4000 physical samples fromwhich larger mixture studies could be con-
ducted. The results of the current study are encouraging and will be
used to guide future, broader analyses. Indeed, our blinded analysis of
themixture standard using the suspect screeningmethod showed abil-
ities to correctly identify formulas for 60% of the included compounds,
and distinguish isomeric compounds (e.g., isomers of Piperine [Supple-
mentary Fig. 2]; 1,1,3,3-Tetrabutylurea and N-[3-
(Dimethylamino)propyl]dodecanamide).
This study used HT Tox21 results to account for bioactivity
pertaining to potential chemical toxicity. Bioactivity scores were based
on assay activity of ﬁve transcription factors, which were selected for
their critical roles in disease pathogenesis and relevance to dust-
associated toxicity. AR and ER, both regulators of steroid-hormone sig-
naling, play important roles in the regulation of behavior, development,
immune function, and reproductive function (Deroo and Korach, 2006).
AhR was selected because of its established role in xenobiotic metabo-
lism and its link to a variety of diseases, including cardiovascular disease
and cancer (Puga et al., 2009). NFκB was included because of its major
role in inﬂammatory and stress response signaling and its involvement
in many diseases, including cancer, diabetes, and immunological disor-
ders (Tornatore et al., 2012). PPARγwas also selected for its critical role
inmetabolic diseases, including diabetes and insulin resistance (Semple
et al., 2006). Of particular relevance to dust, these proteins and/or their
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sure in previous in vitromodels (Andrysík et al., 2011; Fang et al., 2015;
Riechelmann et al., 2007; Suzuki et al., 2013). These selected proteins
are not expected to take into account all potential mechanisms of dust
exposure-associated diseases. Rather, they are intended to serve as a
high-level toxicity indicator in the present study. Future applications
of the toxicological scoring strategy can easily incorporate other assays,
structure-based toxicity predictions, and/or in vivo databases to priori-
tize potential contaminants of concern. There are a variety of alternative
hazardmodels being developed that will ultimately enhance this meth-
od, but the approach shown here illustrates the basic approach of focus-
ing ﬁrst on chemicals with potential bioactivity.
Setting chemical priorities requires defensible estimates of bioactiv-
ity and exposure (Wetmore, 2015). As such, HT exposure modeling
techniques have been developed via EPA's ExpoCast program to com-
plement the ToxCast/Tox21 efforts. Results based on one of these HT
techniques (Wambaugh et al., 2014), termed “inference modeling”,
were implemented here to aid in chemical prioritization. The inference
model that supported the present analysis utilized chemical biomoni-
toring data from the U.S. NHANES (CDC, 2011), and relied on extrapola-
tion beyond a relatively small space of bio-monitored chemicals (n =
82) (Wambaugh et al., 2014). As such, exposure estimates for chemicals
with little or nomonitoring data are, in some cases, highly uncertain. As
a supplement to inference models, forward prediction models, also
employed in EPA's ExpoCast program, could be used to further support
suspect screening, as they estimate chemical exposure rates according
to explicit exposure pathways (Isaacs et al., 2014a; Shin et al., 2015).
Thesemodels aremore likely to informwhether exposures occur via in-
halation, ingestion, or dermal contact (and therefore, whether a chem-
ical is more likely to be found in air, water, food, dust, etc.), but are
limited to chemicals for which explicit data (e.g., consumer product
usage (Dionisio et al., 2015)) are available. Future efforts with inference
and forward prediction models will focus on providing larger and more
reﬁned sets of exposure predictions to aid suspect screening and prior-
itization. Results from suspect screening analyses – namely, the pres-
ence and measured levels of conﬁrmed chemicals in speciﬁc media –
will in turn be used to evaluate and reﬁne HT exposure forecasts from
both inference and forward prediction models.
5. Conclusions
Thousands of chemicals exist in house dust. Yet, to date,most studies
of chemicals in dust have focused on a relatively small set of analytes.
The present study implemented a novel suspect screening method to:
1) assign unique molecular formulas to observed molecular features;
2) map assigned formulas to molecular structures of environmental
health relevance using a highly-curated database; 3) prioritize struc-
tures for follow-up conﬁrmation using empirical measurement data
and high-throughput forecasts/measures of exposure and bioactivity;
and 4) conﬁrm priority analytes using a largemixture standard. Amod-
est number of compounds in this proof-of-concept studywere ultimate-
ly conﬁrmed to be present in dust, with nearly half not previously
associated with dust in the published literature (based on a limited
search). Considering these ﬁndings, it is likely that scaled-up efforts, in-
volving a more inclusive reference database, a larger number of stan-
dards, and optimized analytical methods would aid in identifying (and
potentially quantifying) hundreds of previously unstudied chemicals
in dust and other media. Broad-scale approaches of this nature will be
required to deﬁne the breadth of chemical exposures, characterize the
impacts of chemical co-exposures on human and environmental health,
and prioritize chemicals and chemical classes for which targeted re-
search should be performed.
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